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Abstract
This paper investigates an individual optimization approach based on weekly empirical driving proﬁles from Germany for eight
sociodemographic groups. The optimization objective of every electric vehicle (EV) is to maximize the charging amount of
renewable energy by choosing smart charging (SC) times with the highest relative share of renewable generation. We observe that
for every sociodemographic group the share of renewable energy in the charging demand can be increased by at least 83 %. We
also see diﬀerences in the adoption potential depending on charging location (work charging slightly increases the adoption rate)
and weekly driving distance (longer distances lead to less charging ﬂexibility).
c© 2014 The Authors. Published by Elsevier Ltd.
Selection and peer-review under responsibility of EUROSOLAR - The European Association for Renewable Energy.
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1. Introduction
In order to make EVs sustainable, ﬂuctuating renewable energy sources must be employed to cover their charging
demand. EVs can be considered as an active part of the power grid with a substantial demand ﬂexibility, or even as
temporary storage devices [1],[2]. This ﬂexibility results from the fact that EVs can cover the majority of daily trip
requirements without the need to charge every day. In order to take advantage of this demand ﬂexibility charging
has to be coordinated according to a speciﬁc goal. In this paper we assume that EVs receive a renewable energy
availability signal, which could be also implemented as a variable tariﬀ, and react in such a way that they shift their
charging demand to maximize the share of renewable energy in relation to total load. In this context we want to
answer the following research questions:
• What are the determining properties of empirical driving proﬁles that enhance the ability to utilize ﬂuctuating
renewable energy sources (RES) for EV charging?
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• Which impact do sociodemographic group, charging location and the generation pattern have on the potential
utilization rate?
We analyze 6,466 empirical individual driving proﬁles covering all groups of society from the German Mobility
Panel with respect to their ability to directly utilize renewable energy. We cluster the proﬁles according to sociodemo-
graphic groups, e.g. full-time employees or retirees and diﬀerentiate them based on their weekly cumulated driving
distances. Building on this data, a benchmark simulation implementing an uncoordinated charging (UC) strategy is
performed in order to determine the base level of renewable energy that can be utilized by the vehicles without charg-
ing coordination. The renewable energy generation data of 2011 covering wind and solar resources from the eastern
part of Germany (50 Hertz TSO-zone) and the total load of this area are employed to determine the relative share
of renewable generation for every 15-minute time interval of the year 2011, our analysis time frame. Subsequently,
we conduct an individual weekly optimization for every driving proﬁle with the objective to maximize the charging
amount of renewable energy by choosing smart charging (SC) times with the highest relative share of renewable
generation in the optimization time frame. Our approach contributes in particular as it is one of the ﬁrst analyses to
assess the impact of individual sociodemographic mobility patterns on the potential to utilize renewable energy for
EV charging.
Section 2 describes the context and relevant related literature, Section 3 characterizes the empirical inputs employed
for the analysis. Section 4 provides the formal model and its assumptions, Section 5 presents and discusses the results.
Section 6 concludes and depicts further implications.
2. Related Work
EVs are under intensive investigation in particular with respect to their power grid integration abilities. [3] provides
a comprehensive overview of EV modeling and simulation based analyses with respect to the integration of renewable
energy in their charging demand and the resulting interaction eﬀects. Charging coordination based on a scarcity
signal for renewable energy is analyzed in [4]. Like [5] most investigations look into reducing the imbalances from
RES infeed into the grid by employing the demand ﬂexibility of EVs. An example for a decentralized agent based
coordination mechanism is found in [6]. Mobility behavior is mostly approximated by assumptions about energy
requirements and availability on the power grid. Work from [7] employs a similar empirical data set as our paper,
but with the objective to assess the regulation potential of EVs in a V2G operation mode. Our work extends previous
publications as it looks into the eﬀect of driving patterns on the ability to integrate renewable sources in the EV
charging demand of diﬀerent sociodemographic groups of EV-owners.
3. Input Data
The main inputs are based on empirical data about driving behavior, renewable generation and the corresponding
load from the 50 Hertz TSO-zone as well as current vehicle characteristics of the Nissan Leaf.
3.1. Empirical Driving Proﬁles
The driving proﬁles are characterized by survey data from the German Mobility Panel (MOP) [8], a collection
of information about the mobility behavior of a representative part of the German population. The employed data
from 1994 to 2007 contains more than 530,000 trips corresponding to 21,719 mobility proﬁles. Each trip contains
information about start time, end time, distance, means of transport and purpose of the trip. Additionally, meta data
for each individual and his household is provided. For each person, all trips that are at least partly performed by
car are assigned to the corresponding 672 time slots of a week to obtain distinct driving proﬁles. Consequently, the
proﬁle thus contains the driven distance for each slot and due to the purpose of the trip, the position of the car. We
remove proﬁles with incorrect data, sick individuals, individuals on vacation and from those whose cars were at a
service station. Furthermore, only driving proﬁles from individuals that have a car available at all times remain in the
34   Alexander Schuller and Jan Hoeffer /  Energy Procedia  46 ( 2014 )  32 – 39 
Av
a
ila
bi
lity
Mon Tue Wed Thu Fri Sat Sun Mon
0
0.2
0.4
0.6
0.8
1
at work at home at home or at work
Fig. 1. Availability of driving proﬁles at home, at work and aggregated for home and work locations.
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Fig. 2. Daily variation of wind and PV generation during the year 2011 for every 15 min. interval.
database which ﬁnally contains 6,466 driving proﬁles (2,966 employees, 983 part-time employees, 241 unemployed
people, 141 students, 63 apprentices, 369 housewives1, 1,661 retirees, 42 not speciﬁed).
Figure 1 shows the availability of all driving proﬁles at home, work and the aggregated availability at home or
work. By adding the charging location work the minimal share of available cars at a charging location at any time
during the week can be increased from 39.7% up to 68.8%.
3.2. Generation Data
We employ renewable energy generation data and the total load of 2011 from the eastern part of Germany (50
Hertz TSO-zone), cf.[9], [10]. Figure 2 shows the variation of wind (a) and PV (b) generation during the course of
a day in a 15 min. resolution. The characteristic diurnal pattern for PV and the substantially less regular, but more
constantly available, generation of wind power can be observed. The values in Table 1 provide an overview of the
main descriptive statistics. The median wind generation value is 1515 MW on average per 15 min. interval, whereas
the mean has a higher value of 2,124 MW. The relative share as compared to the total load in the 50 Hertz TSO-zone is
14.3% and 19.3%, respectively. For PV the classical values are misleading as there is no generation during the night.
The production median for PV for the time between 6 a.m. - 8 p.m. is 523 MW corresponding to 0.050% of the load.
1 Please observe that this is not our categorization but the one of the Mobility Panel.
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Table 1. Characteristics of the absolute wind and PV generation
and their relative share of total load
Indicator Wind Photovoltaics
[MW] Share [MW] Share
Minimum 7 0.001 0 0.000
Maximum 9,503 0.880 2036 0.224
Mean 2,124 0.1939 302 0.028
Median 1,515 0.143 4 0.000
Std. Dev. 1,982 0.175 466 0.044
Table 2. Model parameters
Parameter Description Symbol Unit/Domain
Usable capacity of the storage device C (kWh)
Min. number of time steps to fully charge νc (#)
Initial SOC of the EV battery Lt=1 (kWh)
Share of RES of total load in time step t rest (%)
Charge parameter for time step t ϕt (%)
Energy consumption in time step t a dt (kWh)
Location of the EV zt {0,1}
a dt = kilometers driven in time step t (km) · power consumption per km (kWh/km)
3.3. Vehicle Data
As exemplary vehicle, the Nissan Leaf was selected for the analysis. The Leaf has a battery storage capacity of 24
kWh with 21.6 kWh usable, [11]. The consumption per km is assumed to be 0.135 kWh, resulting in a range of 160
km on one charge. The charging eﬃciency is assumed to be 93% with a charging time of 6.27 h, corresponding to the
standard socket outlet with a possible charging power of 3.6 kW.
4. Optimization Model
The individual weekly optimization is implemented using a linear programming approach. The model employed
corresponds to the approach from [12] and applies a concept from [13]. The objective of the EVs is to charge at times
with the highest relative share of renewable energy on total load. This is achieved by a ranking process which assigns
each hour and thus each 15 min. interval a numeric value corresponding to the optimization objective. This rank
charging signal (cf. [13]) can also serve as a basis for a variable pricing scheme mapping high RES shares to lower
prices.
4.1. Assumptions and Parameters
The following assumptions are needed to fully describe the framework within which the model is set up: It is
assumed that people will continue to use their EVs like they formerly used their ICEVs, are fully responsive to the
rank charging signal and that driving patterns are known for one week in advance (i.e. T = 672 time slots of 15
min.). Mobility is guaranteed and charging is allowed at the home and/or work locations while the SOC value at the
beginning of the week is always the same (100%). This ensures the continuity between the weeks that are analyzed.
Table 2 provides an overview of the parameters that are used for the analyses.
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4.2. Model Formulation
The model formulation builds on [12]. In order to provide a baseline for the potential improvement of the adoption
capability of RES for EV charging expression 1 describes the simple or uncoordinated charging approach. This
charging strategy charges the vehicle as soon as it arrives at a charging location, in our case home or work.
ϕt =
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
1 : if SOCt + Cνc ≤ C and zt = 1
C−SOCt
C
νc
: if SOCt + Cνc > C and zt = 1
0 : otherwise
(1)
The coordinated charging strategy in turn has the objective to maximize the overall weighted average of energy
charged at times with a high renewable generation share (cf. expression 2). The decision variable of the optimization
is the charge amount that is expressed as ratio of the energy that can be charged during a 15 min. time step at the
speciﬁed charging power (3.6 kW).
max
ϕt
→ RES =
T∑
t=1
rest · ϕt (2)
C ≥ Lt=1 +
τ∑
t=1
C
νc
· ϕt −
t∑
t=1
dt
︸︷︷︸
SOCt
≥ 0, ∀t ∈ [1, T ]
(3)
T∑
t=1
C
νc
· ϕt =
T∑
t=1
dt (4)
zt =
⎧⎪⎪⎨⎪⎪⎩
1 : EV at charging location within time step t
0 : otherwise
(5)
ϕt, rest ∈ [0, 1] and ϕt ≤ zt and C, dt, νc ≥ 0 (6)
Constraint 3 enforces the physical capacity limits of the battery under consideration of charging and discharging
actions. Constraint 4 equals energy demand to the energy that must be recharged during the week. Constraint 5
deﬁnes that charging is only allowed at the speciﬁed location, whereas Constraint 6 deﬁnes the range the parameters
are allowed to use.
5. Evaluation
The simulation results for wind2 energy show that 1,387 (21.5%) out of 6,466 simulated driving proﬁles are not
feasible in the home charging scenario. Due to vehicle range restrictions 934 proﬁles are lost, the maximum speed
(145 km/h) is only surpassed by 4 driving proﬁles. Another 13 driving proﬁles are not feasible due to the combination
of max. speed and range restrictions. Because of the 100% SOC continuity assumption, 436 driving proﬁles are lost.
If charging at work is allowed, 105 of the mentioned 1,387 driving proﬁles become feasible again, which shows that
the max. range of the vehicle is still decisive for a full scale application of EVs. Figures 3 (a) (home charging) and
(c) (work and home charging) show the inﬂuence of the weekly driving distance on the adoption rate of wind energy
charging. Longer weekly distances lead to less charging ﬂexibility and therefore to a lower adoption rate. For home
charging the average adoption potential due to SC for the proﬁles driving 751 to 1000 km per week, still amounts to
a 31% increase. For the group with 0 to 50 km per week, the average increase is 114%, which means that the wind
energy share can be more than doubled.
2 Please observe that due to space restrictions we only discuss the wind energy related results in detail.
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Fig. 3. Result overview for diﬀerent weekly driving distances and charging locations.
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Fig. 4. Exemplary load patterns for one week for diﬀerent energy sources and charging locations.
Adding the work charging location allows for a higher charging ﬂexibility. This results in particular for groups with
high weekly driving distances in a considerably higher optimization potential than without this charging opportunity.
For the group with 751 to 1000 km travel distance per week, the average wind share can be increased from 0.18%
to 0.29% which is a relative increase of 57%. In contrast, the group with the lowest travel distances (0 to 50 km per
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week) can increase its wind share from 0.19% to 41%, an increase of 116%. Distinguishing by sociodemographic
groups (cf. Figure 3 (b) and (d)), we observe the highest wind energy consumption increase potential for the group of
housewives (+119%) and a lower potential for retired and unemployed people (103% - 105 %) as well as for part-time
employees (104% for home and 111% for home and work charging). Employees can increase their wind energy share
by 86% in the case of home and 97% for home and work charging.
Figure 4 shows the aggregated weekly load of EVs under UC and SC for wind based home charging (a), wind based
home and work charging (b), PV based home charging (c) and PV based home and work charging (d). Due to the
additional charging location at work the relative share of EVs that charge during RES intensive time slots increases.
The SOC assumption leads to a higher share of charging EVs at the end of the week even if the RES share is not that
high. Lower but continuous start and end SOCs are therefore likely to increase the wind energy adoption potential.
6. Conclusion
The presented simulation based analysis employs empirical input data to provide an assessment of the average
renewable energy adoption rate of EV-owners from diﬀerent sociodemographic groups. The main determining factors
of a driving proﬁle in our context are the weekly driving distance and the availability at the assumed charging location.
We observe that in the home charging case about 78.5% of all investigated proﬁles are feasible with the given EV, the
Nissan Leaf. With respect to the adoption potential of renewable energy we see that driving proﬁles with a weekly
travel distance of more than 400 km can realize only about half of the potential growth in their wind energy share as
can proﬁles with less than 50 km per week. More time at potential charging locations and lower driving distances thus
increase the relative adoption potential.
With respect to the inﬂuence of the sociodemographic group we observe that employees, apprentices and students
can increase their wind share by at least 80%, retirees, part-time employees, unemployed and unspeciﬁed can increase
their share by at least 103%, whereas houeswifes achieve the highest relative increase of 119% for wind energy at the
home charging location. An additional charging location at work beneﬁts in particular the employees and part-time
employees, as it enables a further increase of at least 7% in their wind energy share. For other groups the additional
charging location does not have any substantial eﬀects. For proﬁles with a high mileage (>400 km) the additional
location enables a higher grid availability time an thus increases their renewable energy share by 14% - 26%.
Future work could encompass a more individual evaluation in the respective proﬁle group as well as a sensitivity
analysis w.r.t. charging powers and a mixed RES generation portfolio. Also an evaluation of the individual economic
implications of a RES oriented charging strategy could be provided.
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